Abstract Climate change impacts and increased demand due to population growth are among the most common disruptions or pressures that can undermine the service potential of a water supply system. Consequently, the successful management of a water supply system depends on an in-depth understanding of the resilience of the system to such pressures. This study developed a robust modelling approach to assess the resilience of a water supply system enabling the identification of critical trigger points at which the system would fail. The trigger points identified included maximum rainfall reduction percentage to maintain system functionality under increased demand and minimum initial storage beyond which the probability of failure increases rapidly. Additionally, a logistic regression model was developed for taking into consideration the cumulative effects of rainfall, demand and storage variations in order to predict the probability of failure of a water supply system. The study outcomes are expected to provide improved guidance to infrastructure system operators for enhancing the efficiency and reliability of water supply systems under threats posed by climate change and population growth impacts.
Introduction
The reliability of a water supply system depends on its ability to provide a sufficient quantity of water of a stipulated quality to end users without disruptions (Amarasinghe et al. 2016 ). However, disruptive forces (pressures) can act on a water supply system, reducing the supply potential. Climate change impacts and increased demand due to population growth are among the most common pressures (Theodossiou 2016; Maestro et al. 2014 ). Climate change is predicted to cause high variability in rainfall patterns, with more frequent extreme weather events. These extreme weather events include droughts and high intensity rainfall (Abbs et al. 2007; van der Pol et al. 2015) . These can lead to changes to the total water volume contributed to a rain-fed water supply system (Dahal et al. 2016; O'Hara and Georgakakos 2008) . Population growth will increase the demand on a water supply system (Sahin et al. 2015) . These changes could undermine the long-term functionality of a water supply system.
The successful management of a water supply system depends on an in-depth understanding of the system's resilience (Proag 2016; Short et al. 2012) . The resilience of systems is commonly defined as the capacity for absorbing external pressures or disturbances such as rainfall reduction and increased demand while still retaining its functionality and re-organising after a partial or complete failure (Hosseini et al. 2016; Mereu et al. 2016; Watts et al. 2016) . Under normal operating conditions, a water supply system can operate within its capacity limits. When a pressure (such as driven by climate change and/or population growth) is acting on the system, it may start reducing the potential output levels (such as the quantity of water supplied). As the pressure keeps increasing and when the system reaches the critical trigger point, it could completely stop functioning (Amarasinghe et al. 2016) . The cumulative impact of these pressures is the reduction in the output volume of potable water to consumers.
Knowledge of system resilience and the identification of critical trigger points will contribute to the formulation of more robust management strategies and their timely implementation when critical trigger points are reached. Additionally, it allows the rational and timely scheduling of new infrastructure provision to meet increasing demand based on the in-depth understanding of the critical boundaries beyond which the system will not be able to function as planned. This paper presents a modelling approach developed to assess the resilience of a water supply system under the compounding pressures of rainfall reduction due to climate change impacts and increase in demand due to population growth. The novelty of this research study is that it provides a technically robust modelling approach to identify the critical trigger points where a water supply system is likely to fail. Additionally, the approach developed is also able to predict the probability of system failure under pressure. The study outcomes are expected to provide improved guidance to infrastructure system operators to enhance the efficiency and reliability of water supply systems under threats posed by climate change and population growth impacts.
Methods and Materials

Case Study System
Due to its complexity, the Water Grid system servicing the Southeast Queensland (SEQ) region of Australia was selected as the case study system (Amarasinghe et al. 2016 ).
The Water Grid consists of 12 main reservoirs with each reservoir forming a subsystem consisting of a storage reservoir, an upstream supply catchment and treatment facilities with an interconnecting network of water pipelines. The 12 reservoirs are Maroochy, Ewen Maddock, Lake Macdonald, Lake Kurwongbah, Maroon, Moogerah, Gold Coast, Leslie Harrison, Somerset, Wivenhoe, North Pine and Baroon Pocket. Figure 1 provides The complexity of the SEQ Water Grid compared to a conventional water supply system lies in the interconnectivity of the multiple storage reservoirs. In addition, the treatment plants in the SEQ Water Grid enable water transfer from one catchment to another during times of water shortage in an individual reservoir. As the SEQ Water Grid catchments span across a large land area of 22,420 km 2 , the climate and catchment characteristics across the system are highly variable.
Modelling Approach
STELLA, which is a system dynamics modelling platform was selected as the primary analytical tool to evaluate various hypothetical scenarios as part of the research study. Selecting STELLA was due to its high performance and fast simulation capability. Furthermore, STELLA model can also readily investigate relationships between system behaviour over time and its structure. STELLA undertakes simulations based on mathematical functions, which describes the systemic behaviour in time and space. Therefore, when the system state and conditions are known at a point in time, the system state and condition at the next point in time can be determined. Accordingly, the system behaviour can be simulated through step-wise progression over any desired time period (Mereu et al. 2016; Zhu et al. 2015; Sahin et al. 2016; Feng et al. 2013; Amarasinghe 2014) .
In this study, the response of the system to an identified set of scenarios which represent external pressures in terms of climate change and population growth was considered as the priority for assessing system behavior, rather than determining its hydrologic characteristics. Therefore, an important requirement was to identify the interdependencies and the relationships between different subsystems within the overall Water Grid system. The Water Grid model developed using STELLA software included deterministic as well as stochastic modelling capabilities. This approach was necessary as the input data for the model included probability distributions such as rainfall data as well as numeric values such as coefficients for estimating the surface runoff volume generated in a catchment in response to a rainfall event.
Model Development
The model development involved, conceptualisation, formulation and model calibration and validation. The Supplementary Information provides detailed information regarding model development, including input data used, while a brief discussion is provided below.
Conceptualisation involved the entire system being setup in a schematic form in order to correlate each subsystem. These subsystems include components such as rainfall, catchment characteristics, surface flow, reservoir storage, evaporation, water treatment and supply as a Causal Loop Diagram (CLD) (see Fig. 2 ). A CLD was initially developed for each individual storage reservoir and then consolidated to form the complete Water Gird system. The positive or negative correlations between components are represented by a (+) or (−) sign, respectively. For instance, the (+) sign between 'surface runoff' and 'runoff coefficient' means that a high runoff coefficient results in a high runoff volume. On the other hand, the (−) sign between 'outflow/release' and 'storage in reservoir' means that increased outflow/release will reduce the storage in the reservoir.
Based on the CLD, the formulation stage involved the conversion of the conceptual model into an operational form by creating a stock-and-flow diagram (SFD, see Fig. 3 ). After developing the SFD, it was necessary to input actual data. Table S1 and S2 in the Supplementary Information gives the input data used. Model simulation activated the key function of the system, which was the flow of water from the catchment to the end users. The results from the simulations illustrated the changes to the behaviour of the system due to different scenarios involving variations in input and output. Based on the study focus, the emphasis was on understanding trends and behaviour rather than specific values and outputs. The model calibration and validation were undertaken by comparing actual and simulated output volumes generated by the individual catchments. The comparisons for each catchment are given in the Supplementary Information. From the results provided, it is evident that there is a reasonable fit between the actual and simulated output volumes for each catchment, which confirms that the model developed can be used to assess the resilience of the Water Grid system.
Modelling Scenarios
Different degrees of 'low rainfall' and 'high demand' formed the basis for the scenarios evaluated. It is important to note that just the consequence of 'low rainfall' and 'high demand' only, may not necessarily be totally adequate to assess water availability. For example, an initially high storage volume in the system can help to maintain the system's ability to provide satisfactory service. Therefore, a series of scenarios comprising of 100%, 90%, 80%, 70%, 60%, 50%, 40% 30%, 20% and 10% initial storage were also included for assessing the resilience of the system.
The 'low rainfall' scenarios were depicted by a percentage reduction in rainfall from the 'average rainfall' which was applicable for the entire five-year simulation period. A five-year simulation period was selected based on the assumption that it would provide sufficient duration for the system to stabilise after the pressure arising from the occurrence of low rainfall. As the rainfall for the same month can vary significantly in different years, the average rainfall value for the same month in different years was not considered to be representative for a typical month. Instead, a probabilitic distribution for rainfall was estimated on a monthly basis and used for simulations when assessing resillence. Given the nature of the rainfall data (for example, being non-negative), it was found that a log-normal distribution was appropriate to describe the distribution of rainfall for each month. Therefore, the mean of the logarithm of the rainfall value for the same month over the five years was used to obtain the 'average rainfall'. The selected rainfall reduction percentages from the 'average rainfall' were 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, in order to depict scenarios of no reduction, low, moderate and severe rainfall reduction.
The different degrees of 'high demand' scenarios were depicted as an increase in demand by percentages from the 'current demand' of 290,000 ML/a in the Water Grid (Spiller et al. 2011) . The increased demand percentages from the 'current demand' were 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90% in order to reflect scenarios of no increase, slight, moderate and significant water demand increase due to population growth.
Study Approach
The simulation results were water supply volume (ML) provided by the Water Grid system for each month over the five-year period. The study approach was divided into two stages. The first stage was to investigate the resilience of the Water Grid system under different rainfall reduction, increasing demand and initial storage percentages. This was to identify the critical trigger points which could lead to system failure. The second stage was to develop a logistic model for predicting the system operational condition under pressures.
In step 1 of the first stage, the Water Grid system model was simulated for investigating system resilience under decreased rainfall and increased demand pressures. For this purpose, two representative initial storages were selected, namely, 50% and 100%. A total of 100 simulations were carried out in order to generate a sample population of 100 for the five-year period (60 months) for each rainfall reduction percentage and increased demand percentage case for 50% and 100% initial storages. A total of 100 simulations were carried out as the model has stochastic properties (for example, rainfall in each month), and hence can generate different output results for the same input parameters (see Section 2.1).
Accordingly, 100 simulations were undertaken individually 90 times (9 rainfall reduction percentages ×10 increased demand percentages), under 50% and 100% initial storage, respectively. The supply level below failure threshold (at least for one month out of 60 months) was considered as one count of failure. Probability of failure was obtained by dividing the number of failures by the total number of simulations (100). Inability to supply at least 50% of the existing demand was defined as the failure threshold. As the present demand on the Water Grid system is 290,000 ML/a (Spiller et al. 2011 ), 50% of monthly demand amounts to about 12,000 ML. Therefore, 12,000 ML/month was set as the failure threshold.
In step 2 of the first stage, the model was simulated under decreased rainfall and different initial storages. This was because in practical terms, the key parameter that triggers water restrictions is the reservoir storage level. Therefore, the main criterion for identifying the trigger point for water restrictions is the storage level. In this context, evaluation of the relationship between failure probability to the storage levels is needed. Similarly, 100 simulations were undertaken individually 90 times (9 rainfall reduction percentages ×10 initial storages). Accordingly, the probability of failure was obtained for each scenario.
The second stage was to develop a logistic model for predicting the system operational condition by taking into account rainfall reduction, demand growth and initial storage conditions. This was undertaken using logistic regression modelling techniques (McCullagh and Nelder 1989) . In logistic regression, the independent variables X 1 , X 2 , .....X k denote the input parameters (rainfall, demand, etc) and the dependent variable D can be either an event which takes place successfully or not. Successful occurrence of an event should be pre-defined. Accordingly, for independent variables X 1 , X 2 , .....X k , the occurrence of failure representing 1 and non-failure representing 0 can be denoted as shown in Eq. 1.
The logistic model is defined as:
Where P(D = 1 |β, X 1 ,X 2 . X k ) is the conditional probability of failure which occurs under dependent variables specified by X 1 , X 2 ,.... X k . and β 0 , β 1 ... β n , parameters. Considering X 1 , X 2 and X 3 as the rainfall, demand and the storage, respectively, the above equation can be written as Eq. 3:
The schematic diagram provided in Fig. 4 outlines the research methodology employed. The schematic outlines the step-by-step study approach and the correlation between steps, including model development, selection of scenarios, analysis of modelling results and logistic model development. Figure 5 shows the probability of failure of the Water Grid system when experiencing decreased rainfall and increased demand pressures combined for 50% and 100% initial storage scenarios. The calculation of probability of failure, which were used to plot the figure is explained in Section 2.5. The origin (0) levels of pressure are the average rainfall and current demand levels without any decrease in the average rainfall and increase in current demand. As illustrated in Fig. 5 , the Water Gird system's functionality is more influenced by rainfall reduction, compared to increased demand. It is noted that the system maintains low probability of failure until about 55% and 65% reduction in rainfall under current demand when initial storage levels are 50% and 100%, respectively. When the rainfall reduction percentages are close to 70% for 50% initial storage and 80% for 100% initial storage, the system shows nearly 100% probability of failure.
Results and Discussion
Probability of Failure under Decreased Rainfall and Increased Demand
When taking the demand into account, the threshold rainfall reduction percentage leading to system failure shifts back to a lower value. For example, in the case of a 90% increase in Research methodology adopted for the study demand, an approximately 30% rainfall reduction will result in occurrence of failure for 50% initial storage, while the corresponding percentage is 40% for 100% initial storage. This means that the demand growth increases the possibility of loss of system functionality. This result is in agreement with a previous research study undertaken by Ning et al. (2013) . They analysed the resilience of an urban wastewater treatment system and found increased population can increase the stress on the system, leading to higher potential for failure. This methodology would enable decision makers to formulate early intervention strategies for a predicted long-term low rainfall period under an increasing demand. A common approach adopted by water supply authorities is the introduction of water restrictions in order to maintain storage levels for a longer period of time as a precaution in the event of a predicted drought. The probability of failure (Fig. 5) can help in identifying the trigger points for early actions such as the appropriate timing for the introduction of different levels of water restrictions to prevent catastrophic failure. This means that resilience assessment can provide important knowledge to enable effective water supply system operations. Similar conclusions can also be found in research studies in other areas. For example, Mugume et al. (2015) assessed the resilience of Sustainable Drainage Systems (SUDs) during flood conditions. A range of structural failure points (same as the trigger points in this study) were identified. Accordingly, they proposed that these failure points can be used to effectively operate the SUDs in order to avoid failure due to external stress such as floods.
Probability of Failure under Decreased Rainfall for Different Initial Storage Conditions
As noted above, the system's functionality is more influenced by rainfall reduction than increase in demand. Figure 6 illustrates the relationship between failure probability for different storage levels and different rainfall reduction conditions for the current demand (no demand increase). It is evident that under average rainfall (0% rainfall reduction) and current demand conditions, probability of failure is very low until the storage level drop to 20% capacity. Below 20% storage, the probability of failure increases rapidly, where the storage can be considered as the critical level. This means that water restriction measures should be introduced before reaching the critical storage level. It is also evident that when rainfall reduces by 50%, the system tends to fail, although the initial storage volume is larger than the critical level (20% storage). Furthermore, for about 60% rainfall reduction, the system appears to fail even under the full initial storage condition. These observations imply that a 60% rainfall reduction from the average is the most critical climate condition for the water supply system operation. Any further decrease in rainfall will lead to system failure for any initial storage level. Similar outcomes can be found in the study undertaken by Schoen et al. (2015) which investigated the resilience of potable water and wastewater treatment services while experiencing short-term drought. It was concluded that the services provided were adversely influenced because of insufficient water resources. The researchers have suggested that options such as reusing greywater can increase resilience, particularly during drought. 
Prediction Model Development
A dataset of four different levels of each independent variable (rainfall, demand and storage) was generated using the STELLA model in order to estimate the parameters β 0 , β 1 β 2 , β 3 in Eq. 3. The critical scenarios for rainfall and storage are the decreasing trend, while it is the increasing trend for demand. Accordingly, the four different levels of each variable were considered as: for rainfall, 25%, 50%, 75%, 100%; for storage 25%; 50%; 75%, 100%; and for Table S4 in the Supplementary Information. Table 1 gives the results of fitting the logistic regression model to the data with standard errors and significance values. The positive parameter values (demand) mean that a higher demand tends to lead to higher probability of failure, while the negative values (rainfall and storage) indicate that higher percentages of rainfall and storage will lead to low probability of failure.
Model Validation
The receiver operating characteristic (ROC) curve was initially plotted to evaluate the goodness-of-fit of the logistic regression model developed. Detailed information regarding ROC curve is provided in the Supplementary Information. The area under the ROC curve can range between 0.5 and 1.0 with larger values indicative of better fit (Debon et al. 2010) .
As shown in Fig. 7 , the area of the ROC curve for the logistic regression model is 0.956. This means that the model developed provides accurate predictions of the system operation. For further validation of the model, a data set was generated using the STELLA model for combinations of different rainfall (20%, 40%, 60%, 80% of the average), demand (120%, 140%, 160%, 180% of current demand) and storage (20%, 40%, 60%, 80% of initial storage) and compared with the predicted output as shown in Fig. 8 . The predicted values were obtained according to Eq. 3 using the parameters provided in Table 1 , while the observed values were the outcomes generated from the STELLA model. As evident from Fig. 8 , there is reasonable agreement between observed and predicted values. This means that there is reasonable accuracy in the predictions provided by the regression model developed. 
Conclusions
The study developed a robust modelling approach to assess the resilience of a complex water supply system and to identify the critical trigger points. The trigger points identified by the approach included maximum rainfall reduction percentage to maintain system functionality under differing increased demand and minimum initial storage beyond which the probability of failure increases rapidly. Furthermore, a logistic model was developed by cumulatively taking into consideration rainfall, demand and storage scenarios in order to predict the probability of failure of a water supply system. The logistic model developed can provide improved guidance to system operators to enhance the efficiency and reliability of water supply systems under threats posed by climate change and population growth impacts.
